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The bacteria that colonize humans and our built environments have the potential to influence our health. Microbial communities associated with seven families and their homes over 6 weeks were assessed, including three families that moved their home. Microbial communities differed substantially among homes, and the home microbiome was largely sourced from humans. The microbiota in each home were identifiable by family. Network analysis identified humans as the primary bacterial vector, and a Bayesian method significantly matched individuals to their dwellings. Draft genomes of potential human pathogens observed on a kitchen counter could be matched to the hands of occupants. After a house move, the microbial community in the new house rapidly converged on the microbial community of the occupants' former house, suggesting rapid colonization by the family's microbiota.
T he global trend toward urbanization has increasingly bound humanity, as a species, to the indoor environment (1, 2) . We spend much of our time in our homes but know little about how microbial transmission influences the home and its occupants. Each human maintains a specific microbial "fingerprint" (3-7), which should transfer to a new indoor space with skin shedding, respiratory activity, and skin-surface contact (8) , the latter of which can transfer millions of microbial cells per event (9) . The microbial diversity of the home likely affects immune defense (10) and disease transmission (11) among its residents, so that tracking how people microbially interact with the indoor environment may provide a "road map" to defining the health in our homes.
In the Home Microbiome Project (www. homemicrobiome.com), we microbially monitored seven ethnically diverse U.S. families and their homes over 6 weeks by sampling their skin-and home-surface bacterial communities. Eighteen participants were trained in the collection of 1625 microbial samples from body and home sites of interest over a 4-to 6-week period from 10 houses (table S1) , three dogs, and one cat. For three families, samples were taken immediately before and after moving to a new home. Approximately 15 million high-quality 16S rRNA V4 amplicons represented 136,957 distinct operational taxonomic units (OTUs) (97% nucleotide identity). We subsampled this database at 2500 sequences per sample, omitting OTUs represented by <10 reads, which yielded 4 million sequences comprising 21,997 OTUs (97% identity) from 1586 samples.
Samples from different sites within the same home differed less than samples from the same site in different homes [analysis of similarities (ANOSIM) R = 0.210, P < 0.0001 versus R = 0.408, P < 0.0001]. A density plot of weighted UniFrac distances between all home and human samples (Fig. 1A) showed that microbial communities of human hands, noses, and bare feet resemble those of home surfaces. However, microbial communities found on home surfaces varied less than those found on humans. In each analyzed home surface, the microbial communities of different houses differed significantly (P < 0.0001) (Fig. 1B) , but the extent depended on the surface sampled and was highest for floor environments (ANOSIM R = 0.757 and 0.716 for kitchen and bedroom floors, respectively), whereas doorknobs were the most similar (R = 0.379 for front and 0.402 for bedroom doorknob). ANOSIM tests of the differences between the microbial community structure (weighted UniFrac) of the surfaces of each of the three pre-and postmove house combinations (homes 5, 6, and 7) were insignificant, suggesting rapid colonization of the new home by the microbial signature of the family. Strikingly, one of the premove homes was a hotel room.
Humans sharing a home were more microbially similar than those not sharing a home, with samples taken from the same individual having the greatest similarity (Fig. 1C) . Of the three human environments analyzed in this study, foot samples were differentiated most by home (R = 0.542) and least by hand samples (R = 0.261). Hand samples were also least differentiated by individual (R = 0.406), and nose samples differed most between individuals (R = 0.683). ANOSIM statistics were robust to sequencing depth, with rarefaction to even 100 reads per sample having little effect on the observed strength of differentiation ( fig. S1A) .
A third of all abundant OTUs (564 OTUs with >500 reads) had relative abundances that did not significantly differ between human and inanimate environments [nonparametric t test with false discovery rate (FDR) correction >0.05; r = 0.88] (Fig. 2A) . Abundant OTUs were less likely to differ significantly in abundance between human and home surfaces when homes were analyzed individually and rarer OTUs (100 reads/OTU) were included (average = 60% undifferentiated OTUs) ( fig. S2A ). Although relative OTU abundances always correlated tightly between human and home environments, they varied in their correlations with pets ( fig. S2B ).
Only about one third of OTUs were detected in all three sources, yet these 7200 OTUs composed between 93.6 and 97.8% of sequences in each source (Fig. 2B) . OTUs detected exclusively in a single source, although numerous (4137 OTUs), composed <0.6% of sequences in each sample.
Relative abundances of dominant bacterial phyla differed among sources (Fig. 2C , split by sample in fig. S3 ). Firmicutes and Actinobacteria were enriched in human samples relative to the home, Proteobacteria dominated home and pet samples, whereas Bacteroidetes were abundant in pets. However, the relative abundances of the nine most abundant bacterial classes had no significant relationship with the number of sources that shared them (ANOSIM P > 0.05) (Fig. 2D ). Pairwise comparison of OTU sharing between surfaces across all homes revealed the greatest phylotype overlap between the two floor environments, with the nose sharing the least OTUs with other surfaces (Fig. 2E ). The number of OTUs shared by the surfaces with the greatest overlap and by the surfaces with the least overlap differed only by a factor of two.
We tested whether microbial community profiles could identify the house or surface a sample originated from by using random forest classifiers (table S2) . Floor samples were highly diagnostic of the family associated with that sample (ratios of random error to model error of 53.62 and 40.17 for kitchen and bedroom floors, respectively), and even considering all home surface samples together, the family that a sample was taken from was easily predicted (error ratio of 19.91). Models trained to predict the surface type from which a sample was taken were comparatively unsuccessful (error ratio of 3.29), with less predictive accuracy than that of those trained to predict family origin using broader taxonomic groupings. Families 5, 6, and 7 showed no significant difference between pre-and post-move homes, with error ratios of <1.75 for each model (P > 0.05). The relative success of predicting family of origin, even when models are trained on broader taxonomic levels, suggests that even error-prone reads from degraded DNA might still be a strong signal of an individual family's microbiota. Rarefaction to lower sequencing depth resulted in a steep decline in the models' ability to classify the home a sample was taken from (fig. S1B), suggesting that greater sequencing depth than used in this study might substantially strengthen the models' predictive ability.
We matched human-associated microbial communities to home surfaces using a Bayesian technique known as SourceTracker (Fig. 3) (12) . Hand samples were pooled by family and considered "vectors" to the bathroom doorknob, front doorknob, and kitchen light switch "recipient" communities. Bare-foot samples were pooled by family and treated as vectors for the bedroom and kitchen floor communities. On average, 76.7% of models successfully attributed the recipient community to the correct vector (68.6% of hand samples were identified as vectors to the correct home's kitchen light switch; 82.9% of pooled family foot samples were identified as vectors to the correct home's bedroom floor). We also estimated the contribution of individual occupants to their home's surface communities, which appears to be highly variable between surfaces, between homes, and over time. The effect of an individual leaving his or her residence for three sampling days, as occurred in homes 1 and 4, resulted in a decline in that individual's predicted contribution to a number of the home surfaces, which varied between homes, during their absence ( fig. S4 ). This suggests that the human microbiome signature on home surfaces (such as the bathroom, front doorknob, and kitchen counter) decays or is replaced rapidly. Because different surfaces respond differently to a human leaving, careful sampling of each surface could provide a metric for assessing the time course of events related to that house and those persons.
We tested the direction of microbial transfer among surfaces in the four homes where the subjects did not move houses using dynamic Bayesian networks ( fig. S5 and table S3 ). Humans were more likely to be sources of OTUs than were physical surfaces, with an average of 26 taxonomic edges leaving a human skin surface and arriving at a physical surface, versus eight edges in the opposite direction (P < 0.001). In contrast, human and home surfaces were equally likely to be recipients (human = 20.6 taxonomic edges; home = 19.3, nonsignificant). OTUs sourced from humans were mainly Actinobacteria and Proteobacteria (table S3), which are major components of the human skin microbial community (6) .
To assess whether personal relationships affect sharing of microbial taxa, we focused on home 4, where none of the residents were genetically related. The two occupants who were in a relationship shared more of their microbiota with each other than with the third occupant, who resided in a separate part of the house ( fig. S6 ). This differentiation was observed across all surfaces, being greatest in nose samples (R = 0.690) and smallest in hand samples (R = 0.300) (all P < 0.0001). In contrast, only weak or insignificant differentiation was observed between married couples and their young children.
Overall, there were significant differences in the volatility of microbial communities associated with each surface type (Kruskal-Wallis c 2 = 21.6, P = 0.0057) ( fig. S7 ). However, after a pairwise Wilcoxon test and FDR correction, the only significant differences were between hand and bedroom floor, hand and foot, and hand and nose. We can consequently conclude that the hand is especially variable over time relative to other body habitats and surfaces, presumably reflecting high inputs from the various surfaces with which it comes in contact and/or more frequent disruption due to washing.
To determine whether taxa transferred between surfaces and human occupants maintained genes associated with pathogenicity, we selected 56 samples from home 4 for longitudinal analysis via shallow shotgun metagenomic sequencing, including 18 home surface samples, 23 human samples, and 15 dog samples ( fig. S8) . Genes associated with phage and transposable elements were enriched in human samples. Taxonomic analysis of unassembled metagenomic reads revealed Corynebacterium on all human samples; Enhydrobacter-, Corynebacterium-, and Streptococcuslike bacteria on all bathroom doorknob samples; and Enterobacter-like bacteria on the kitchen counter. Enterobacter-like sequences were also identified on the hands of two occupants on days 2 and 4, further supporting the dynamic Bayesian network analysis above (in addition to genome reconstructions) that indicated a close link between these surfaces ( fig. S4 ). After deeper metagenomic sequencing, multiple draft genomes were assembled from hand and kitchen counter samples, including uncultivated Enterobacteraceae and Acinetobacter genomes and associated bacteriophage. These latter genomes shared 99.7 and 99.9% reconstructed 16S rRNA gene sequence similarity with the respective opportunistic human pathogens Pantoea agglomerans and Acinetobacter baumannii and maintained genes associated with pathogenicity and antibiotic resistance. Representatives of these genomes sourced from both the kitchen counter and one household occupant's hand on day 2 shared >2400 genes with 100% protein sequence identity. When considering the whole bacterial community, and including phage sequence, a total of 84% (7671) of genes from the hand were shared with the countertop, suggesting a multiorganism transference event between these surfaces. A further 24 to 29% of the community genes (>3100) were also identical between the countertop across days (between days 2 and 4) and between the countertop on day 4 and the hand of one of the other occupants sampled on the same day.
There is strikingly little research into relationships between microbial communities associated with home surfaces and their potential origins. Most studies explore fungal contamination of damp surfaces (13) (14) (15) (16) , the role of hygiene in removing microbial communities (7, 17) , and the length of time microbes can survive on surfaces (18, 19) . Here, we present an intensive longitudinal analysis of the microbial communities associated with the home environment and present evidence for substantial interaction among human, home, and pet microbiota. Such interactions could have considerable human and animal health implications. Further, we suggest that homes harbor a distinct microbial fingerprint that can be predicted by their occupants and that supersedes intersurface differentiation within the home. We further show the rapidity and extent to which a human population can influence the microbial diversity of the space they inhabit. Fig. 3 . Summary of predictive accuracy of SourceTracker models. (A) Percent composition estimate for the correct source for each home surface sample in the study. Samples within each block are ordered by collection date, and black boxes occur where a sample is missing because it did not pass quality filtering standards. Across all surfaces, the models averaged a 59% prediction for the correct source. (B) Heatmap of model success across individual surface time series. The model was considered to be successful when the proportion of the sink community attributed to the correct source was greater than that attributed to any other source.
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The bacterial oxidation of nitrite to nitrate is a key process of the biogeochemical nitrogen cycle. Nitrite-oxidizing bacteria are considered a highly specialized functional group, which depends on the supply of nitrite from other microorganisms and whose distribution strictly correlates with nitrification in the environment and in wastewater treatment plants. On the basis of genomics, physiological experiments, and single-cell analyses, we show that Nitrospira moscoviensis, which represents a widely distributed lineage of nitrite-oxidizing bacteria, has the genetic inventory to utilize hydrogen (H 2 ) as an alternative energy source for aerobic respiration and grows on H 2 without nitrite. CO 2 fixation occurred with H 2 as the sole electron donor. Our results demonstrate a chemolithoautotrophic lifestyle of nitrite-oxidizing bacteria outside the nitrogen cycle, suggesting greater ecological flexibility than previously assumed.
N itrification, a key nitrogen cycling process, is prevalent in virtually all oxic habitats on Earth (1). This two-step process is carried out by chemolithoautotrophic aerobic ammoniaoxidizing bacteria (AOB) and archaea, and nitrite-oxidizing bacteria (NOB). Traditionally, nitrifying microorganisms (nitrifiers) have been regarded as obligate chemolithotrophs that grow only in the presence of ammonia or nitrite. Accordingly, their environmental distribution and population sizes are associated with nitrification, and NOB are thought to depend on ammoniaoxidizing or nitrate-reducing microorganisms as sources of nitrite.
Some nitrifiers, however, are physiologically versatile and can participate in denitrification, even in parallel to aerobic nitrification (2), or coutilize various organic substrates if ammonia or nitrite is available (3, 4) . Few Nitrobacter isolates (NOB) grow heterotrophically on simple organic compounds (5) . Moreover, Nitrosomonas eutropha (AOB) and Nitrospira moscoviensis (NOB) utilize hydrogen (H 2 ) as electron donor for anoxic respiration with the electron acceptors nitrite or nitrate, respectively [although growth under these conditions was reported only for N. eutropha (6, 7)]. Aside from the growth of Nitrobacter on organic compounds, these additional metabolic capabilities of nitrifiers are still linked to the nitrogen cycle and actually depend on nitrification as they require ammonia, nitrite, or nitrate as energy source or electron acceptor, respectively.
To understand the metabolic capabilities and flexibility of NOB, we partially sequenced the genome of Nitrospira moscoviensis, a member of Nitrospira lineage II that grows in pure culture (7) . Nitrospira (8) represents the environmentally most widespread group of known NOB found in virtually all environments, including soils, fresh water and the oceans, sediments, subsurface aquifers, volcanic sites, hot springs, caves, iron pipes, drinking water treatment systems, and wastewater treatment plants (3) . Biological knowledge on the mainly uncultured, slow-growing Nitrospira is scarce, and only one genome sequence has been obtained from "Candidatus N. defluvii," a Nitrospira lineage I member enriched from a wastewater treatment plant (9) .
The draft genome of N. moscoviensis contains a locus with genes coding for the small (HupS) and large (HupL) subunits of a putative group 2a [NiFe] hydrogenase (Hup) and homologs of proteins involved in hydrogenase maturation and transcriptional regulation in other bacteria (Fig. 1,  table S1 , and supplementary text). The hup locus likely explains the weak, anoxic, H 2 -oxidizing activity with nitrate of N. moscoviensis (7). However, in cyanobacteria and terrestrial actinomycetes, Genes are drawn to scale. TMH, transmembrane helix.
